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A B S T R A C T
Production of microalgae is one of the emerging biotechnological processes due to its potential applications to
produce high value-added compounds. In photobioreactors for microalgae production, the biomass concentra-
tion is a desirable variable to be measured on-line to optimize the yield of the systems. However, biomass
concentration can hardly be monitored in real time. There are few expensive commercial sensors that in fact
provide uncertain measurements. State estimators, also known as software sensors, are algorithms designed to
estimate unmeasured (or non-easily measurable) variables of a process. In this work, a state estimator using the
extended Kalman filter algorithm is developed to estimate biomass concentration for an outdoor industrial ra-
ceway photobioreactor. The state estimator is based on a dynamic model for microalgae production specifically
designed for this type of photobioreactor. Results demonstrate that, despite the complex non-linear dynamics
that characterise this kind of bioprocess, a state estimator can provide a relatively accurate estimation of the
biomass concentration. Furthermore, a state estimator could be used to optimize the operation of industrial
photobioreactors by utilizing the estimated biomass concentration for automatic control of the process.
1. Introduction
Biotechnological processes require optimization and advanced
control techniques to guarantee continuous and reliable production.
Bioprocess control, as performed in photobioreactors, is fundamentally
based on dissolved oxygen, pH and temperature measurements which
can be obtained by on-line monitoring of the culture. For improving the
quality of the automatic control of production step, it is necessary to
have real time measurements of biomass concentration. To that end,
complex and expensive instruments are applied [1] (although recently
cheaper sensors are being developed [2]). Moreover, most commercial
sensors have limitations to provide reliable measurements of this and
other variables of bioprocesses [3].
Production of microalgae is one of the most relevant emerging
biotechnological processes because of its potential applications to
produce high value-added compounds, such as antioxidants, poly-
unsaturated fatty acids, cosmetics, pharmaceuticals, etc. [4]. In micro-
algae photobioreactors the biomass concentration is a desirable vari-
able to be monitored, despite it is very problematic to be on-line
measured in real time with sensors [5], as for example turbidimeters.
Low sensibility at high biomass concentrations, so high turbidity, is a
major challenge. Biofouling (defined as adhesion of microalgae,
bacteria and organic compounds to sensors surface and photobioreactor
walls), is also a relevant existing issue with in situ biomass concentra-
tion measurement, because it causes a distortion of turbidity mea-
surements [6,7]. Conventional methods of monitoring biomass con-
centration based on light absorption are not confinable by the changes
on pigments content of biomass according to changes in the culture
conditions, thus volumetric determinations and gravimetric measure-
ments being the most extended method. However, dry weight mea-
surements are tedious and can introduce errors if don't performed
adequately, for that large volumes of culture being required which are
not always available in small systems, additionally disturbing biological
conditions of microalgae [8].
Because of the described limitations, state estimators, also named
software sensors, are of special interest to be applied in microalgae
based processes. State estimators (based on statistical algorithms and
mathematical models of the process) can predict or estimate un-
measured (or non-easily measurable) variables using other measured
variables [9]. There is a wide diversity of techniques for the develop-
ment of state estimators. The most employed method in literature is the
Kalman filter [10]. Basic structures of Kalman filtering are commonly
used for dynamical processes that can be described by linear mathe-
matical models. However, the majority of bioprocesses are
https://doi.org/10.1016/j.algal.2018.11.009
Received 11 June 2018; Received in revised form 5 November 2018; Accepted 22 November 2018
⁎ Corresponding author at: Department of Informatics, University of Almería, Carretera Sacramento s/n, E04120 Almería, Spain.
E-mail addresses: fgm754@inlumine.ual.es (F. García-Mañas), joseluis.guzman@ual.es (J.L. Guzmán), beren@ual.es (M. Berenguel), facien@ual.es (F.G. Acién).
Algal Research 37 (2019) 103–114
2211-9264/ © 2018 Elsevier B.V. All rights reserved.
T
characterized by complex nonlinear dynamics, thus the extended
Kalman filter (EKF) and the unscented Kalman filter (UKF) are en-
couraged choices [11]. Some of these model-based estimators have
been developed to track culture states in lab-scale microalgal photo-
bioreactors achieving promising results [12–14]. Nevertheless, it
should be emphasized that mathematical models for bioprocesses often
presents a certain degree of uncertainty which can result in a difficulty
for the operation of state estimators [15]. For this reason, parameter
estimation methods are also applied [16,17]. Currently, hybrid state
estimators are being developed to combine diverse techniques and to
improve convergence velocity while minimizing estimation errors. Ar-
tificial intelligence is also employed, such as fuzzy logic and neuronal
networks [18].
In this work, a state estimator based on EKF algorithm is designed to
estimate the biomass concentration for an outdoor industrial raceway
photobioreactor. The state estimator has been developed using a dy-
namic model for microalgae production previously published in [19].
The model has been readapted and recalibrated with experimental data
from one year. Results demonstrate that the state estimator can provide
a more accurate estimation of biomass concentration compared to the
dynamic model itself. Additionally, the state estimator is presented as a
solution to measure the biomass concentration in real time and could be
used for automatic control to focus on optimizing production.
2. Materials and methods
2.1. Description of the raceway photobioreactor
The raceway photobioreactor is located at the Research Centre “Las
Palmerillas” (Almería, Spain), property of Cajamar Foundation. The
photobioreactor, as showed in Fig. 1a, consists of two channels of 50m
length each and connected by U-shaped bends (180°), with a sump of
0.59m3 (0.65 m long× 0.90m wide× 1m deep) where air or CO2 are
automatically injected to control the dissolved oxygen and pH of the
culture [19–21]. The culture is circulated by a paddle-wheel of 1.2m
diameter. Fig. 1b shows the real experimental facility made of 3mm
thick fiberglass.
For the experiments described in this paper, dissolved oxygen and
pH measurements were obtained using sensors (5083T and 5120,
Crison, Barcelona, Spain) located in each representative part of the
photobioreactor (paddle-wheel, sump and channel) for on-line mon-
itoring of the culture. In Fig. 1a, dissolved oxygen sensors are re-
presented by blue dots, while pH sensors are represented by red dots.
The spatial distribution of these variables is estimated using the model
in [19]. Those sensors also measured the temperature of the culture
while other instruments registered solar radiation, ambient temperature
and humidity to know surrounding conditions of the photobioreactor.
Considering the growth of microalgae in the photobioreactor as a dy-
namical process, the inputs to control the optimal culture conditions
(air and CO2) were measured by mass flow meters (PFM 725S-F01-F,
SMC, Tokyo, Japan). The raceway was operated at a constant depth of
0.16m.
Regarding biomass concentration (slow state variable), previous
works of some of the authors ([19] and references therein) analysed
that spatial variations are negligible (and thus perfect mixing assump-
tion applies) in the fast time scale describing pH and dissolved oxygen
evolution, so that single measurements are enough and can be done
anywhere. Biomass concentration was off-line measured by filtering
100mL samples of the culture at different hours of the day. The samples
were heated to 80 °C during 24 h. This significant challenge to measure
one of the most important process variables underlines the urgent ne-
cessity of evaluating the inclusion of a state estimator to on-line mea-
sure biomass concentration.
2.2. Microorganism and culture medium
The microalgae strain Scenedesmus almeriensis (CCAP 276/24) was
used. Inoculum for the raceway reactor was produced in a 3.0 m3
tubular photobioreactor under controlled conditions: at pH=8 and at a
temperature ranging from 18 to 22 °C using freshwater and Mann &
Myers medium prepared using fertilizers (0.14 g·L−1 K(PO4)2,
0.18 g·L−1 Mg(SO4)2, 0.9 g·L−1 NaNO3, 0.02mL·L−1 Welgro, and
0.02 g·L−1 Kalentol). The raceway reactor was inoculated and operated
in batch mode for one week, after which it was operated in semi con-
tinuous mode at 0.2 day−1 dilution rate using the same culture medium
as before; in this case, the pH was controlled (at pH=8) by injecting
pure CO2 whereas dissolved oxygen was maintained below 250%Sat. by
supplying air.
2.3. Software and hardware
Simulations and tests with real experimental data were performed
withMATLAB® (Mathworks, Massachusetts, USA), version 9.1, R2016b.
The development of the state estimator has been executed with specific
functions for EKF available in Control System Toolbox™ (version 10.1).
State estimator simulations were carried out with the following
computer hardware specifications: Intel® Core™ i5-6500 processor (up
to 3.60 GHz), 8GB DDR4 (2133MHz) RAM memory, and 500GB solid-
state drive. Simulations performance was evaluated with MATLAB®
Profiler, verifying the execution time and optimizing the code for the
model and estimator.
2.4. Dynamic model and state vector
The dynamic model consists of a set of equations that reproduce
thermodynamic relationships, transport phenomena, mass balances and
biological phenomena that occur in microalgae cultures on raceway
photobioreactors. Therefore, the model can simulate evolution in time
and space of the main variables of the process [19]. These variables are
stored in a state vector that retains the characteristic dynamics of the
process in the three representative parts (paddle-wheel, sump and
channel). As the culture circulates along the channel the value of the
variables (Table 1) changes due to the photosynthetic activity of cells.
In order to account for this evolution, the model considers that the
100m channel can be treated as 100 sections of 1m each, providing an
adequate trade-off between performance (accuracy) and computational
effort. In consequence, the state vector presents the structure showed in
Table 2, with a total of 512 states.
Variables, constants and characteristic parameters shown in Table 1
are used into different sub-models: solar radiation model, biological
model, and engineering model of the reactor. For better understanding
of the effect of these variables and constants, some equations of the
model [19] are presented in Appendix A. The majority of the constants
exposed in this work are related to the biological model. Eq. (A.1)
calculates the average irradiance of the reactor (Iav) as a function of the
biomass concentration and parameters Ka. In Eq. (A.2), photosynthesis
rate (PO2) is determined as a function of dissolved oxygen concentra-
tion, pH and average irradiance, and it is affected by Ki, KO2, m, n,
PO2,max, RO2, and z. The rest of the constants are related with mass
balances. Eq. (A.3) is applied to calculate the biomass concentration in
the channel and is affected by parameter Yb/O2. Dissolved oxygen
concentration in the channel is calculated with Eq. (A.4). Similar ex-
pressions were implemented to determine state variables for the paddle-
wheel and sump as shown in Eqs. (A.5) to (A.10). The detailed version
of the model can be found in [19].
2.5. Genetic algorithm for calibration of the model
The values of the parameters of the dynamic model were originally
calibrated and validated with experimental data from the year 2014
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under different operational conditions for the photobioreactor com-
pared to those from year 2016. Some of the model parameters are di-
rectly related with the temperature. However, other parameter values
depend on the status of the culture and if sudden metabolic changes
occur, the only way to re-calculate those parameter values is by per-
forming lab-scale experiments [22]. To avoid that tedious procedure,
global identification techniques are a common alternative. Thus, a ca-
libration process was accomplished to retune characteristic parameters
of the model equations to achieve proper concordance between simu-
lated dynamics and real dynamics of the process from year 2016.
For that purpose, an optimization problem was resolved to minimize
root sum square error (RSS) between simulated outputs and real mea-
sured outputs from the photobioreactor (dissolved oxygen and pH).
Outputs vectors were composed of signals with different units: dis-
solved oxygen was measured in %Sat. and pH corresponds to hydrogen
ions concentration. To obtain a total error as an index of calibration,
both dissolved oxygen and pH outputs were previously normalized and
scaled from 0 to 1 as a result of dividing them by their respective
maximum values. For this reason, the RSS error is expressed in non-
dimensional units.
Taking into account the mathematical complexity of the model and
(a) 
(b) 
Fig. 1. Raceway photobioreactor. (a) Photobioreactor scheme (top and side view) and (b) Real experimental facility at “Las Palmerillas”. Retrieved from [20].
Table 1
Variables and constants of the model. Extracted from [19].
Variable Definition Units
Dynamic variables
Cb Biomass concentration kgm−3
[CO2] Carbon dioxide concentration in the liquid
phase
mol m−3
[CT] Total inorganic carbon concentration mol m−3
[H] Hydrogen ions concentration mol m−3
[O2] Dissolved oxygen concentration mol m−3
YO2 O2 to N2 molar ratio in gas phase mol O2 (mol N2)−1
YCO2 CO2 to N2 molar ratio in gas phase mol CO2 (mol N2)−1
Constants and characteristic parameters
Ka Extinction coefficient m2 kg−1
Ki Form parameter μEm−2 s−1
KO2 Oxygen inhibition constant mol m−3
m Form parameter
n Form exponent
PO2,max Maximum photosynthesis rate kg O2 kg−1 s−1
RCO2 Respiration coefficient for carbon dioxide kg CO2 kg−1 s−1
RO2 Respiration kg O2 kg−1 s−1
Yb/O2 Biomass yield coefficient kg
z Form parameter
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the great number of parameters that are susceptible to be calibrated, a
genetic algorithm [23] was employed to execute the calibration pro-
cedure. Genetic algorithms can efficiently explore in less computational
time a region of solutions (minimization of RSS error) until founding
certain areas of the region with more probabilities to contain the so-
lution of the problem. These areas are intensively explored by different
techniques of the genetic algorithm, such as mutation, crossing and
individuals selecting (sets of values for parameters). The algorithm can
be stopped either when the error is below a predefined threshold or
when a maximum execution time is reached (probably obtaining a
suboptimal solution due to local minima).
2.6. Extended Kalman filter for discrete-time systems
The dynamic model has been restructured to be represented in
discrete time (where k represents the actual time instant) according to
the following set of equations:
= +
= +
− −x f x u w
y h x u v
( , )
( , )
k k s k
k k m k
1 1k
k (1)
where x is the defined state vector for the model, f is the non-linear
state transition function (that contains the rest of functions with the
equations of the model) and h is a function that relates the state vector
with the measurable outputs of the model. In measurement function, h,
the calculation (simulation) of dissolved oxygen and pH for each part of
the photobioreactor is performed. Functions f and h have input argu-
ments denoted as us and um respectively. These arguments can be the
process inputs for function f, for example. Process noise, w, and mea-
surement noise, v, are assumed to be zero-mean white noises, with no







The recursive Kalman filter algorithm consists of two steps: cor-
rection (a priori estimation) and prediction (a posteriori estimation)
[24]. At prediction step, estimation for the states is generated based on
the previous values of the state vector. At correction step, the predicted
state vector is updated with the available information from the mea-
surable variables of the process.
The designed state estimator initially performs (in each cycle) the
correction step because measurable variables are always available from
the beginning. In the first instance, the state estimator is initialized
based on a first value for the state vector, x0. In Eq. (3), predicted state
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For discrete-time instants k=0, 1, 2, 3, …, recursive cycle of cor-
rection-prediction is applied. At correction step, corresponding to Eqs.
(4) and (5), Jacobians C and S are calculated for measurement function
and Kalman gain, K, is computed. The predicted state vector is cor-
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At prediction step, Jacobians A and G are calculated for state
transition function and future state vector, + ∣xk k1 , and state estimation
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As can be noticed in the shown algorithm, the EKF attempts to
approximately linearize model functions f and h every instant. A re-
levant aspect that negatively affects to the computational time of the
algorithm is that Jacobians matrices A and C must be numerically
computed since some equations of the dynamic model have static bal-
ances. On the contrary, Jacobians S and G are calculated as identity
matrices because the process expression in Eq. (1) assumes additive
noise.
Properly setting the values for matrices Q and R is also an important
aspect for the performance of the state estimator. Matrix Q describes
process noise covariance and represents the inaccuracy of the model to
reproduce real dynamics of the process. Matrix R defines measurement
noise covariance associated to real process outputs, so it can be inter-
preted as the noise covariance of sensors. The election of both matrices
has an impact on the execution of the state estimator, as can be ob-
served in Eqs. (5) and (7). Inappropriate tuning of these matrices can
lead to bad calculations of Kalman gain and state estimation covar-
iance, resulting in wrong estimations and even causing the instability of
the state estimation procedure.
Tuning of matrix Q is extremely difficult to achieve when using non-
linear models with uncertainty in characteristic parameters and con-
stants. In contrast, matrix R can be adjusted based on standard devia-
tions of sensors that measure the outputs of the process. Nevertheless,
both matrices are usually tuned by trial and error procedures and
evaluating the quality of the estimations provided by the filter [25].
Matrices Q and R contain their covariance values in the main di-
agonal and the rest of elements are null since there is no correlation
between process and measurement noises. Both are square matrices
with dimensions given by the number of states and the number of
measurable outputs, respectively.
3. Results and discussions
3.1. Adaptation of the model
Adaptation of the dynamic model [19] was a previous stage to
Table 2
Model internal state vector structure.
Section Channel Paddle-wheel Sump
Variable [O2] Cb [CT] [H] [CO2] [O2] Cb [CT] [H] [CO2] [O2] Cb [CT] YO2 YCO2 [H] [CO2]
Dimension 100 100 100 100 100 1 1 1 1 1 1 1 1 1 1 1 1
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modify the programmed code for certain functions in order to simulate
and perform off-line trials with real experimental data registered in the
photobioreactor from year 2016. The most important modification was
related with operational conditions and process control characteristics.
Injected gas for pH control from year 2016 was 100% pure CO2, while
in year 2014 the injected gas had only 10% CO2 composition because it
was obtained from a diesel–fuelled heating boiler. Consequently, if CO2
gas is pure, less gas flow is required to achieve pH control of the culture,
so the programmed code was modified to consider new values for gas
flow rate and its composition.
Multiple simulations were executed with real experimental data to
evaluate computing demands, such as elapsed time per simulation with
MATLAB®. Several enhancements were included in the structure of the
programmed functions for the dynamic model and simulation times
were reduced. For instance, a simulation with 24 h of registered ex-
perimental data initially lasted 3min of computing and after the im-
provements the same simulation lasted 1min. The developed state es-
timator also benefited with the enhancements because it employees the
programmed function from the dynamic model.
In this work, adequate computational performance is also pursued
since the state estimator should be implemented on a hardware device
for on-line operation with the rest of the sensors in the photobioreactor.
3.2. Calibration of the model
Dynamics of bioprocesses are highly complex because they deal
with living organisms. Dynamic models need to be re-calibrated due to
metabolic changes in the culture or by the dependence of parameters
with temperature and, therefore, with seasons of the year [26]. The
equations of model [19] do not account for the effect of environmental
temperature on the dynamics. Therefore, re-calibration of the model is
required so that model uncertainty is accounted by modifications in
several parameters. The model [19] was originally calibrated for fall in
year 2014. Hence, the recalibration of parameters was executed with
experimental data from November 2016. The selected data were free of
inconsistencies and showed the representative dynamics of the photo-
bioreactor.
Before performing a calibration procedure, and especially when
involving a large number of parameters, selection of best parameters to
be calibrated is crucial. A sensibility analysis was performed in a series
of simulations in which±10% changes in identified parameters were
performed, so that the error between simulated and real outputs was
studied and it was concluded that parameters which mostly affect the
performance of the model were: PO2,max, Ka, n, Ki, m, Yb/O2, RO2, RCO2,
KO2 and z (see Table 1).
The calibration was performed with a genetic algorithm [23] and
constrained values for parameters. The limits for values were selected
as conservative ranges since the parameters must retain the physico-
chemical and biological meaning inside the model as well as they
should allow some freedom for variability and hence expanding the
solution space. All simulations for calibration procedure were executed
with experimental data corresponding to daylight period with a short
span of nocturnal data as initialization. The calibration time per si-
mulation was reduced because less experimental data were employed
by focusing on daylight dynamics and the period of time when real
biomass samples were recorded.
Experimental data for calibration were selected from November 3,
2016. The limits and values applied to parameters in this calibration are
presented in Table 3. Results of a simulation with calibrated parameters
are shown in Fig. 2. The total RSS error (dissolved oxygen and pH) is
25.71 units.
Validation for calibrated parameters was executed with selected
experimental data from November 17, 2016. Results for this day are
presented in Fig. 3, with a total RSS error of 30.26 units.
Similar results were obtained in simulations with different days. It
was also determined that the calibration provides acceptable results for
around one month of operation (out of this period higher RSS errors
-over 50 units- are achieved). Hence, it was concluded that the model
should be calibrated once or twice each season of the year or it may be
modified to include the variation of temperature [27] and its effect on
the dynamics of the process.
RSS errors are expressed in units because it is necessary for the
resolution of error minimization problem in calibration with genetic
algorithm (as explained in Section 2.5). However, it is also interesting
to analyse relative errors presented in Table 4. These relative errors are
remarkably similar to original obtained errors for the model in year
2014 [19]. Therefore, it can be confirmed that the model has been
properly recalibrated for experimental data and operational conditions
in year 2016. In view of the results in Figs. 2 and 3, it can be deduced
that the photobioreactor was operating in strongly changing conditions
and performance of the model is acceptable due to the preponderant
uncertainty of the process.
Thus, it has been highlighted the existence of important limitations
in the operation of industrial raceway photobioreactors, related with
changing ambient conditions and the difficulty of repeating similar tests
on different days of a year. This issue is related with the variation of
environmental conditions in real outdoor cultures, both daily and along
the year, and the effect that microalgae adaptation has in the variation
of the main characteristic parameters of the biological system. Thus, the
biological behaviour is slightly different when continuous sunny days
take place that when cloudy and sunny days alternate, this makes more
difficult to find reliable models and imposes the necessity to manage
large sets of data to accurately calibrate them.
3.3. Development of the state estimator
Fig. 4 shows the schematic concept for the developed state esti-
mator, combining an EKF and the dynamic model of the photo-
bioreactor. The state estimator is designed to predict the complete state
vector of the model, but it has been optimized to principally estimate
biomass concentration by tuning Q and R matrices.
Matrix R was adjusted with standard deviation values of installed
sensors on real photobioreactor for outputs measurement. Standard
deviation for dissolved oxygen is of 5% in saturation, and for pH is
consider of 0.2 (in pH scale). Eq. (8) presents matrix R squared values to
express variance. Q matrix was tuned by analysing the range of varia-
tion for state vector of the model and reasoning how much variation
might be necessary to make the state vector values more similar to real
states on the photobioreactor. Due to its great dimensions (512 files and
512 rows), Q matrix is shown in a reduced manner in Table 5, with the
values for process noise covariance allocated in the main diagonal.
Table 3
Limits and values for parameters in calibration.
Parameter Initial value (units) Limits Calibrated value
Ka 79.9980 (m2 kg−1) [50, 150] 74.1757
Ki 173.9944 (μEm−2 s−1) [100, 300] 292.3446
KO2 0.8373 (mol m−3) [0.282, 1] 0.9112
m 0.0021 [0.001, 0.01] 0.0074
n 1.0450 [1,3] 1.6363
PO2,max 2.0641·10−5














Yb/O2 0.2 (kg) [0.05, 0.4] 0.3611
z 5.4356 [1,6] 5.4809
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Fig. 5 shows the results for an off-line test of the estimator using
experimental data from November 3, 2016. To evaluate the behaviour
of the estimator, Fig. 5e should be initially analysed. In this figure, the
quality of the estimator adjustment to real data can be highly percep-
tible compared with the rigidity of the biomass concentration simulated
by the model. The estimated biomass concentration is closer to real
experimental data than the biomass concentration simulated by the
model and evolves with a decreasing tendency to the nocturnal period,
while this behaviour cannot be reproduced by the dynamical model.
This type of response is consistent with microalgae metabolism: cellular
growth takes place during daylight hours due to photosynthesis, and
biomass loss occurs because of dark respiration at night-time. Un-
fortunately, biomass concentration measurements were not performed
during night-time due to limitations in the experimental station access
and, therefore, the behaviour of the state estimator is not totally tested.
Fig. 2. Simulation results with calibrated parameters for November 3, 2016. Time is shown in minutes from 00:00 a.m. (local hour).
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Fig. 3. Validation for calibrated parameter simulating with data from November 17, 2016.
Table 4
Relative errors for calibration and validation results.
Date Relative error (%) without calibrated parameters Relative error (%) with calibrated parameters
DO channel DO paddle DO sum pH channel pH paddle pH sump DO channel DO paddle DO sump pH channel pH paddle pH sump
11/03 26.95 31.17 29.39 3.72 3.61 3.56 10.30 8.37 8.87 2.45 2.58 2.85
11/17 18.32 19.81 20.03 4.17 4.05 4.15 8.73 7.77 9.29 1.73 1.83 1.92
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Fig. 5a corroborates that correction step is properly performed, as
the simulated outputs adequately correspond with real outputs, so the
Kalman gain from Eq. (5) is correctly calculated by the estimator. On
the other side, Fig. 5b shows the predictions obtained by simulating
with corrected states from correction step. In terms of errors, Fig. 5c
evidences that substantial errors appear in prediction step for dissolved
oxygen in channel and paddle-wheel, which may be indicative that a
readjustment for Q matrix is needed. However, it should be emphasized
that any change in Q matrix can cause an improvement but also a
worsening in biomass estimation. For this reason, if biomass con-
centration is adequately estimated in relation with real samples, it is
advisable not to change values of matrix Q.
In Fig. 5a and b some sudden peak deviations can be observed for
pH state in paddle-wheel. Values of Q and R matrices, and numeric
calculation for Jacobians in Eqs. (4) and (6) may cause that some states
turn into negative or null values, which is not possible from a physi-
cochemical perspective. In order to ensure that the estimated state
vector does not contain wrong values, a restriction function was de-
veloped. In each discrete time instant, this function checks the values
for pH and dissolved CO2 states, and negative or null values are re-
placed with a logic value from some previous instants. Thanks to this
function, although some divergences may appear, estimated biomass
concentration is not affected. The programmed restriction function is a
preliminary solution to perform experimental simulations and, if the
state estimator is incorporated to real process measurement system, it
should be mathematically modified to impose constraints to states in an
integrated manner with the estimation algorithm. Some examples of
state constraints for Kalman filters were proposed in [28].
Similar results were obtained for other experimental data in days of
October and November. For instance, Fig. 6 shows the results for Oc-
tober 26, 2016. In this test, a reduced simulation was executed using
experimental data from time interval in which real biomass samples are
congregated. Fig. 6a and b do not exhibit any type of peak deviation
and errors for correction step in Fig. 6c are nearly zero, so this confirms
a good performance for the estimator in different ambient conditions
compared to Fig. 5d.
In Fig. 6e, estimated biomass concentration can be evaluated. As
observed, estimated biomass begins to decrease gradually at 600min
(10:00 a.m. local hour), sooner than expected by real biomass samples,
until it reaches the lowest value of 0.3 kgm−3. Subsequently, estimated
biomass starts an increasing trend due to the high leap in solar radiation
at 750min (12:30 p.m. local hour). When solar radiation rises, photo-
synthetic activity is also augmented, causing a greater growth of culture
cells and thus it leads to increase biomass concentration. The estimator
response clearly fits to different varieties of changes that occur in the
real photobioreactor.
In multiple off-line test with the estimator, computational times
were surprisingly high (2–5 h, depending on the quantity of experi-
mental data). This is caused by numeric resolution for Jacobians, that
consumes the 93% of the time for each off-line test because the com-
puter performs partial derivates for 512 states by numeric approxima-
tion of non-linear functions. Since the objective of implementing a state
estimator for biomass concentration is to use it as a software sensor in
the real installation, it is necessary to know if the computation time of
the developed estimator is compatible with the measurement frequency
of the existing sensors in the photobioreactor. To that end, the total
computation time was divided by the number of estimated samples in
each test, obtaining a constant ratio of 1 s of computation per estimated
sample. As measurement from the sensors in the real photobioreactor is
performed every minute, the developed estimator can work online and
in real time on the process.
Fig. 4. Schematic concept for the developed state estimator, designed to work on-line with the photobioreactor. Model (f) and Model (h) blocks refer to f and h
functions as explained in Section 2.6.
Table 5



















F. García-Mañas et al. Algal Research 37 (2019) 103–114
110
Fig. 5. Results for the state estimator with data from November 3, 2016.





Fig. 6. Results for the state estimator with data from October 26, 2016.
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4. Conclusions
This work tries to respond to one of the biggest problems affecting
the monitoring of microalgae production processes, which is that bio-
mass concentration cannot be accurately measured in real time on the
process. An estimator using the extended Kalman filter has been de-
veloped to estimate the biomass concentration using the available ex-
perimental measurements of dissolved oxygen, pH, gas injections and
solar radiation. The developed estimator presents an acceptable effi-
ciency, but it requires multiple “trial and error” tests with high com-
putation times to determine the appropriate values of Q and R matrices,
its tuning parameters. Proposed values for Q and R were a result of a
series of simulations that could not be representative of the true dis-
tribution that these covariance matrices may have for all the experi-
mental data of a complete year. Despite this, the results show a clear
potential in the performance of the estimator, although more im-
provements have to be performed in the future. For instance, in future
works, modern estimation algorithms will be tested to compare their
performance against the extended Kalman filter.
In conclusion, the developed state estimator offers a successful
performance, in terms of trends, compared to the rigidity of the dy-
namic model. This encourages to consider on-line use of the estimator
on the process to generate advanced control actions for the photo-
bioreactor, focused on optimizing biomass productivity and, by exten-
sion, to generate greater industrial benefits with high value-added
compounds that can be obtained from microalgae cultures.
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Appendix A
An overview of the equations of the model (extracted from [19]) is presented in this appendix.
Biological model
= − −I t x I t
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